This study examines the risk spillovers between energy futures prices and Europe-based carbon futures contracts. We use a Markov regime-switching dynamic correlation, generalized autoregressive conditional heteroscedasticity (MS-DCC-GARCH) model in order to capture the time variations and structural breaks in the spillovers. We further evaluate the optimal weights, hedging effectiveness, and dynamic hedging strategies for the MS-DCC-GARCH model based on both the regime dependent and regime independent optimal hedge ratios. We finally complement our analysis by examining the in-and out-of sample hedging performances for alternative strategies. Our results mainly show significant volatility and time-varying risk transmission from energy markets to carbon market. We also find that spot and futures segments of the emission markets exhibit time-varying correlations and volatile hedging effectiveness. These results have important investment and policy implications.
Introduction
The links between energy consumption and greenhouse gas emissions have important implications for economic growth, the environment and the quality of human life. Fast economic growth may produce emissions that can lead to the degradation of the environment, which in turn affects human health and reduces the quality of life. About 77% of all greenhouse gases at the global level are currently accounted for by carbon dioxide (CO 2 ) emissions and 75% of these CO 2 emissions come from the use of fossil fuels (coal, natural gas and oil) in energy production, transportation, industrial processes and land-use changes.
These challenging global environmental issues have led many developed and developing countries to accept legally binding limitations, reductions and obligations in their greenhouse gas emissions as set by the Kyoto Protocol, which was ratified in 1997 by the parties to the United Nations Framework Convention on Climate Change (UNFCCC). 1 The Kyoto Protocol has motivated the creation of emissions trading schemes and new carbon markets. The "carbon markets" were established to help accommodate compliance with the set targets by allowing the participants to buy/sell allowances. 2 The EU Emission Trading Scheme (EU-ETS) is the largest carbon trading market in the world that has been created to comply with the Kyoto Protocol. 3 To reduce the costs of compliance with this protocol, the European Commission linked in 2003 the Kyoto mechanisms and the EU ETS which led to an amendment to the ETS-Directive (EU, 2004) . According to the 'Linking Directive', the EU member countries are allowed to use some credits generated by the Clean Development Mechanism (CDM), called Certified Emission Reduction (CER), and the Joint 1 The Protocol has two commitment periods which apply to carbon emissions during the periods 2008-2012 and 2013-2020, respectively . However, the Protocol's amendment for the second commitment period has not entered into legal force. 2 Currently, there exist several regional markets with spot and futures contract trading on CO 2 allowances. These include BlueNext (France, closed on December 5, 2013), the Nordpool (runs the leading power market in Europe which is now owned by NASDAQ), the Chicago Climate Exchange (CCX, recently acquired by Intercontinental Exchange, ICE), the Netherlands-based European Climate Exchange, listed in the London Stock Exchange), and the European Energy Exchange (EEX, based in Leipzig, Germany).
3 The EU-ETS is a cap-and-trade system for greenhouse gas emission (GHG) allowances. It has three distinct trading periods: Phase I (2005 Phase I ( to 2007 , Phase II (2008 II ( to 2012 corresponding to the Kyoto Protocol commitment period), and Phase III (2012 to 2020).
Implementation (JI), called Emission Reduction Units (ERU), up to a certain amount to meet their
obligations (Nazifi, 2013) . Linking the EU ETS to the CDM indicates the recognition of CERs as equivalent to European Union Allowances (EUAs), making the CERs fully fungible for compliance within the EU ETS.
Due to the emergency of regulations of carbon emissions not only in the US and the EU but also in other parts of the world (e.g., Australia, New Zealand and Asia), carbon risk will become increasingly important for an increasing number of companies. Utilities are the most affected sector given their highest emission intensity, emitting for example 40% of carbon pollution in the EU. The utilities are not subject to direct international competition and do not receive the same political support as the other energy-intensive sectors, making carbon risk management a higher priority for a number of big companies in this sector. It is thus clear that achieving emission targets for 2020
and 2050 in an effective manner requires not only a continuation of the trading schemes, but also an adaptation of large number firms to the regulatory environment and development of risk management strategies for carbon risk.
While it will ease the adjustment of the firms to emission caps, help the continuation of efficient CO 2 reduction path, and protect the interest of corporate stakeholders, managing carbon risk is however a challenging task. Indeed, successful risk management requires dynamic portfolio management practices as the environment surrounding carbon trading is subject to significant uncertainty owing to regulatory changes, climate change, and interaction with prices of energy sources such as crude oil, natural gas, coal, and electricity. These uncertainties and changes also induce significant nonlinear dynamics into carbon prices such as time-variation and regimedependence.
Our study addresses the issue of carbon risk hedging by considering the volatility interactions not only between the carbon spot and futures of the EUA and CER markets, but also between these carbon markets and primary energy markets. It also derives dynamic hedging strategies for carbon risk based on suitable models. To do so, we adopt a Markov regime-switching GARCH model with dynamic conditional correlations (MS-DCC-GARCH). This model allows one to capture both the time-variation in conditional volatility of the markets under consideration according to different regimes and their dynamic links (correlations), which are driven by regulatory changes and demand/supply shocks. Our MS-DCC-GARCH-based results for the in-sample and out-ofsample hedging effectiveness of the carbon futures contracts as well as the risk spillovers between the energy and carbon prices provide useful guidance for the implementation of effective carbon risk management and policy regulations.
The remainder of the study is organized as follows. Section 2 presents a brief review of the literature on carbon markets, with a focus on risk management and the methodology. Section 3 describes the data used and reports the empirical findings. Section 4 discusses the results. Finally, Section 5 concludes the paper and provides policy implications.
Methods

Literature review
The literature on carbon markets has grown rapidly in recent years. To date, a number of studies have examined the economic and energy price drivers of carbon allowances prices (e.g., Mansanet-Bataller et al., 2007; Alberola et al., 2008; Keppler and Mansanet-Bataller, 2010; Kim and Koo, 2010; Bredin and Muckley, 2011; Creti et al., 2012; Aatola et al., 2013; Lutz al., 2013; Sousa and Aguiar-Conraria, 2014) . This strand of research generally shows that carbon prices are significantly affected by economic aggregate variables (e.g., industrial production), weather conditions (e.g., temperature index), and prices of primary energy commodities such as coal, crude oil, electricity, and natural gas. For example, Keppler and Mansanet-Bataller (2010) find evidence suggesting that electricity prices Granger-cause the CO 2 prices. Bredin and Muckley (2011) use cointegration techniques to investigate the equilibrium relationship between carbon futures prices and fundamentals such as energy spreads for electricity production, the Euro Stoxx 50, the Eurostat index of industrial production, the oil price and a temperature index. These authors find evidence of a new pricing regime emerging in Phase 2 of the EU ETS and a maturing carbon market driven by the fundamentals. In a related study, Creti et al. (2012) investigate the determinants of carbon prices during the two phases of EU ETS. The authors show that although the oil and equity prices are significant determinants of carbon prices in both phases, the switching price between natural gas and coal is only important in the second phase.
In addition to the above studies that focus on the drivers of carbon allowances prices, the existing literature also examines two other major issues: i) the stochastic properties, market efficiency, price discovery, and spot-futures price relationship in the carbon spot and futures markets (e.g., Daskalakis and Markellos, 2008; Seifert et al., 2008; Milunovich and Joyeux, 2010; Arouri et al., 2012) ; and ii) the volatility transmission between carbon spot and futures markets as well as the links between energy prices and and carbon prices (e.g., Rittler, 2012; Aatola et al., 2013; Lutz al., 2013) .
The issue of carbon risk management is much less explored in terms of both scope and methodology. For instance, Pinho and Madaleno (2010) markets with those derived for other markets, and find that despite the uniqueness of the carbon market the results are consistent with those found in other markets.
Overall, the scarcity of studies on estimation of hedge ratios for carbon assets and novelty of the carbon market provide a compelling motivation for us to examine optimal hedge ratios and hedging strategies for carbon risk.
The models
The dynamic conditional correlation (DCC) model proposed in this study is constructed along the lines of Billio and Caporin (2005) , Lee (2010) and Chang et al. (2011) which examine oil and financial markets. Let variances in this specification are regime-independent whereas the covariances (or correlations) are both time-varying and regime-switching. 4 As Billio and Caporin (2005) note, the specification in which all parameters are regime dependent is highly unstable due to the large number of switching parameters. Therefore, we restrict the regime dependent structure to the time-varying correlations only. Thus, the model allows both volatility spillover and regime-switching dynamic correlations.
The specification is then completed by defining the transition probabilities of the Markov process
Thus, ij p is the probability of being in regime i at time t+1 given that the market was in regime at time t, where the regimes i and j take values in {1, 2}. Finally, the transition probabilities satisfy
We employ two hedging strategies for the combined spot and futures portfolio based on the results of the MS-DCC-GARCH model. These are the minimum-variance hedge ratio and the optimal weights (Kroner and Ng, 1998; Hammoudeh et al. 2010) .
Empirical Results
Data
We use daily data for European Union Allowances ( ternational Commodities Exchange) UK natural gas futures prices (GAS). The inclusion of these variables allows us to examine possible risk spillovers from energy markets at large to the carbon emission market. The risk spillovers across the energy markets expectedly arise from common risk factors driving the price dynamics in these markets such as economic growth trends, regulatory changes, technology shifts, and fuel substitution. In short, our volatility spillover model includes 5 The shorter sample period for the CER market is due to data availability as trading on this market started only in 2008.
the carbon spot and futures prices as well as the futures settlement prices for electricity, coal, and natural gas. carbon emission markets, which seems to coincide with the prolonged crisis in the euro-zone that has led to a widespread economic slowdown, thereby driving energy demand down. Table 1 provides the descriptive statistics for the log-returns. 6 We see that the CER carbon market experiences the greatest volatility in price changes relative to the EUA and energy prices.
Nazifi (2013) notes a lack of competitive conditions in these markets, access constraints on the use and the availability of CERs, regulatory changes regarding both EUAs and CERs, and uncertainty surrounding CERs. It is also interesting to note that China is the biggest supply country in primary CER market. All return series have kurtosis values higher than the normal distribution, implying the presence of extreme movements in either direction.
Empirical results
Model identification tests
As stated in Section 2, we estimate the regime-specific and time-varying correlations in the MS-DCC-GARCH model specified in Equations (1)- (2) by adopting the two-step approach proposed by Engle (2002) and Engle and Sheppard (2001) . Then, in order to compare the findings from the MS-DCC-GARCH model with the static alternative, we also estimate a constant parameter DCC-GARCH model as the benchmark.
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The MS-DCC-GARCH model needs a prior specification of the number of regimes and,
given that the number of regimes is known, the likelihood is evaluated using the filtering procedure of Hamilton (1990) , with the modification suggested by Caporin and Billio (2005) , followed by the smoothing algorithm of Kim (1994) . Once the model's parameters and transition probabilities ( ) are obtained, the conditional moments of the MS-DCC-GARCH model in Equation (3) as well as the optimal hedge ratio and the optimal portfolio weights are computed by using the predictive We specify the order of the vector autoregressive component in Equation (1) (1)- (2), the diagnostics indicate no remaining ARCH(1) in the residual for this series as well. 9 The results of the Ljung-Box Q(p) tests indicate no autocorrelation at order p=10 and p=20. The return series are not normally distributed as indicated by the Jarque-Bera (JB) normality tests. Based on the evidence in Table 2 , we specify the GARCH component of the model in Equations (1)- (2) as GARCH(1,1).
After specifying the VAR and GARCH orders in Equations (1) Table 3 reports the parameter estimates of the MS-DCC-GARCH model for the EUA market. We observe that the volatility spillover parameters (a i,j ,b i,j ) relating to Equation (2) are generally highly significant, implying significant risk transmission across the energy prices and the EUA carbon spot and futures prices. As expected, the volatility spillovers are strong and positive between the spot (EUAS) and futures (EUAF) markets. Similarly, strong volatility transmission from the electricity market to EUA spot and futures markets is observed without significant effect in the opposite direction. The finding of a significant electricity market effect on the carbon price is consistent with Keppler and Mansanet-Bataller (2010) and Sousa and Aguiar-Conraria (2014) . There is also significant volatility transmission from coal and natural gas prices to electricity price. Those primary energy sources are used in electricity generation, while oil is not.
In the case of the CER market, the findings reported in Table 4 do not yield as significant spillover effects as we observed for the EUA market. The weaker volatility spillovers to the CER spot and futures markets can potentially be explained by the long-term nature of the CER contracts under the Clean Development Mechanism (CDM), implying certain independence from the EUA and energy markets. (1)-(3) . The GARCH part of the model is specified as a GARCH(1,1) . The MS-DCC-GARCH model is estimated using the maximum likelihood (ML) method. The likelihood ratio (LR) linearity test is reported with p-value in parentheses. The p-value of the Davies (1987) test is also given in the square brackets. Standard errors of the estimates are given in parentheses. HQ stands for the Hannan-Quinn information criterion, BIC for the Bayesian information criterion, and log L for the log likelihood. (1)-(3). The GARCH part of the model is specified as a GARCH (1,1). The models are estimated over the full sample period 12/1/2009-12/5/2014 with n=1390 observations. See the notes to Table 3 for the explanation of the parameters and statistical tests. (0.19) for the low (high) regime in the case of the CER market. Since these parameters control for the correlation persistence implied by the models, the findings suggest that the correlations are more persistent in the low volatility regimes than in the high volatility regimes in both markets.
Moreover, higher values of ( ) ( ) t t s s for the EUA market compared to the CER market in both regimes imply that the correlation persistence is more pronounced in the EUA market. stands for the dynamic correlation between the series i and j at time t, i,j {c,f,e,n,l}, where c stands for the EUA spot price, f stands for the EUA futures price, e stands for the electricity price, n stands for the natural gas price, and l stands for the coal price. The features of correlation persistence are indeed reflected in the dynamic correlations plotted in Figures 2 and 3 for the EUA and CER market models, respectively. The correlation estimates plotted in Figure 2 for the EUA market are on average greater than those for the CER market in Figure 3 , which supports the implications of the ( ) respectively. Thus, the low volatility regime is more persistent for the EUA market than for the CER market, while the high volatility regime is less persistent. Regime persistence differences are also reflected in the transition probability estimate from the high (low) volatility regime 12 ( ) p to the low (high) volatility regime 21 ( ) p . We typically see that the carbon markets spend much of the time in the low volatility regime, resulting in higher duration estimates for the low volatility regime compared to the high volatility regime. The durations of the low volatility regimes are 12.770 days and 7.770 days while the durations of the high volatility regimes are 1.750 days and 2.590 days, respectively, for the EUA and CER markets.
Another noteworthy feature of the dynamic correlation estimates in Figures 2 and 3 are their highly time-varying nature, providing support for the DCC specification against a constant correlation specification. In general, correlation values tend to decline after mid-2011 which also coincides with the end of the euro-zone crisis. We also note a significant structural break in the correlations between EUA spot and futures in mid-2010, which seems to happen long after Phase I ended in 2008, and another break near the end of Phase II in 2012.
The smoothed probability estimates plotted in Figure 4 also reveal significant features in both the EUA and CER markets. As indicated earlier, there is a lack of competitive conditions and there are regulatory changes regarding both markets. On the other hand, there are access constraints on the use and the availability of CERs, caps on the amount of CERs, and uncertainty surrounding the CERs. The results show that the low volatility regime for the CER market corresponds to pre-2012 period which is the end of Phase II. Periods after mid-2012 are almost uniformly periods of high volatility for the CER market. This period corresponds to Phase III (the post Kyoto phase) which started in 2012 and changed a number of rules regarding the carbon market. In the CER market, 75% percent of the observations fall into the low volatility regime, while 25% fall into the high volatility regime. On the other hand, the EUA market can mostly be characterized by low volatility regime periods with 88% of the observations falling into the low volatility regime. In sum, the periods of high volatility in the EUA market correspond to the initial months of Phase II and Phase III, whereas the high volatility for the CER market mainly corresponds to the post Kyoto period (Phase III).
Figure 4: Smoothed probability estimates
The figure plots the smoothed probability estimates of the low volatility regime (regime 1) and the high volatility regime (regime 2). The shaded regions in the figures correspond to the periods where the smoothed probability of the corresponding regime is the maximum.
Discussion: Hedging performance
We obtain regime independent moments and perform in-and out-of-sample analysis of the hedging strategies as in Lee (2010) and Chang et al. (2011) . As indicated earlier, we evaluate the portfolios based on three criteria: (i) the optimal hedge ratio; (ii) the optimal portfolio weight; and (iii) the hedge effectiveness index. The need for a dynamic hedging strategy is warranted by significant time variation in the correlations across the carbon markets. In addition, the finding of significant correlations between carbon and energy markets implie that the factors impacting the energy markets also drive volatility in the emission markets. Considering possible drivers of volatility in energy prices such as demand and supply side factors, weather conditions, climate change, and economic growth trends, it can be argued that commonalities in energy market fundamentals also impact CO 2 trade. Furthermore, 11 The optimal hedge ratio is defined as by Equations (1)- (3). The regime independent covariances are obtained as the probability weighted average of regimedependent covariances where the weights are corresponding predictive regime probabilities. See Kroner and Ng (1998) , Hammoudeh et al. (2010), and Chang et al. (2011) for details regarding the optimal weight calculations. The covariance term is obtained as in optimal hedge ratio. As to the hedging effectiveness, it was originally proposed by Ederington (1979) and measures the percentage reduction in the variance of the hedged portfolio relative to the unhedged portfolio.
significant volatility transmissions from energy markets to the market for carbon emissions further emphasize the need for hedging. Figure 5 presents evidence of significant time variation in the hedge ratios and optimal portfolio weights for both the EUA and CER markets with the CER market exhibiting greater volatility in the optimal hedge positions. A close look at the in-sample statistics for the unhedged and hedged portfolios reported in Table 6 indicates significant gains from adopting dynamic hedging strategies, particularly for the EUA market. As expected, the minimum-variance hedging strategy yields the greatest reduction in the volatility of the hedge portfolio, with 92% (71%) variance reduction achieved by the dynamic (static) strategies in the EUA market. Similarly, the minimum-variance hedging strategy yields 40% (38%) reduction in variance with the dynamic (static) strategies in the case of the CER market. It is clear that the dynamic hedging strategy yields the largest benefit for the EUA market. On the other hand, we find that the optimal portfolio approach yields much inferior results both with respect to portfolio return and risk compared to the minimum-variance hedging strategy.
In the case of the out-of-sample results (Table 7) , although the minimum-variance strategy yields the greatest risk reduction in the EUA market, we observe that the optimal portfolio approach yields greater HE index values for the CER market than the minimum-variance strategy. In either case, however, the dynamic strategy yields better results than the static alternative. 
Conclusions and Policy Implications
This study uses a Markov regime-switching dynamic correlation, generalized autoregressive conditional heteroscedasticity (MS-DCC-GARCH) model to examine the volatility spillovers between four primary energy futures prices and Europe-based carbon futures contracts in the EUA and CER markets, while accounting for time variations and structural breaks in the spillovers. It also evaluates the optimal hedge ratios, dynamic hedging strategies and hedging effectiveness in both carbon markets based on the derived regime dependent and regime independent optimal hedge ratios.
The results show that the carbon emission markets are linked to changes in the electricity, natural gas and coal futures markets, and more significantly so in the case of the EUA market. The link is formed through the effects of the forces that drive volatility in the energy market as well as time-varying risk transmissions from these energy markets to the carbon market, both in terms of the cross-market correlations and volatility spillovers. The evidence of risk transmission to carbon markets suggests the need for sound policies to stabilize the carbon markets as well as good instruments to effectively hedge the positions. Instability in the carbon market coupled with inability to hedge positions may generate significant risk exposures and unexpected failures due to changing links between the carbon spot and futures markets, and between CO 2 emission prices and energy prices. Policymakers should advocate hedging policies that help improve the cost effectiveness of the substitutable EUA and CER CO 2 emission futures markets. In the absence of hedging instruments, these volatile markets are highly risky. Hedging in the short run will also give the polluters time to gradually recourse to cleaner energy sources, with the resulting outcome of lower carbon emissions.
Policymakers and traders should be aware that hedging strategies work differently for the EUA and CER carbon markets. The minimum-variance hedging strategy works better for the EUA market, while the optimal portfolio approach gives better hedging results for the more volatile CER markets. Overall, the hedging strategies are more effective in the EUA market than in the CER market. By considering both in-sample and out-of-sample analysis of comovements and hedging strategies for both EUA and CER markets, we show that the spot and futures segments of these markets exhibit time-varying correlations and hedging effectiveness. This hedging effectiveness is however found to be highly volatile, particularly in the CER market possibly due to its dependence on the CDM projects. We also find that CO 2 futures are not always highly effective as hedge instruments because of occasional breaks and shifts in the carbon spot-futures price links.
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This result has implications for the adoption of cleaner energy sources in the long run. Another important fact is that the EUA carbon market is subject to volatility spillovers from energy futures markets (electricity, natural gas and coal), with the electricity market being the main volatility transmitter. The volatility spillover from the energy markets to the CER market is weaker than in the case of the EUA market. Our findings finally point to the importance of regime switching in regard of hedging performance, and suggest that ignoring regime switching in the carbon market may result in significant reduction in hedging performance.
Adding the CER market to that of EUA broadens the scope of the carbon trading institutionalized by EU ETS since those products are substitutes and give investors and regulators more opportunities to achieve the objectives. However, this subject is ambitious and will be delegated to a future project.
